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Abstract: Given to its ability to irreversibly acetylate the platelet cyclooxygenase-1 enzyme, acetylsalicylic
acid (ASA) is successfully employed for the prevention of cardiovascular disease. Recently, an antitumoral
effect of ASA in colorectal cancer has been increasingly documented. However, the molecular and
metabolic mechanisms by which ASA exerts such effect is largely unknown. Using a new, untargeted
liquid chromatography–mass spectrometry approach, we have analyzed urine samples from seven
healthy participants that each ingested 100 mg of ASA once daily for 1 week. Of the 2007 features
detected, 25 metabolites differing after ASA ingestion (nominal p < 0.05 and variable importance in
projection (VIP) score > 1) were identified, and pathway analysis revealed low levels of glutamine
and of metabolites involved in histidine and purine metabolisms. Likewise, consistent with an altered
fatty acid β-oxidation process, a decrease in several short- and medium-chain acyl-carnitines was
observed. An abnormal β-oxidation and a lower than normal glutamine availability suggests reduced
synthesis of acetyl-Co-A, as they are events linked to one another and experimentally related to ASA
antiproliferative effects. While giving an example of how untargeted metabolomics allows us to
explore new clinical applications of drugs, the present data provide a direction to be pursued to test
the therapeutic effects of ASA—e.g., the antitumoral effect—beyond cardiovascular protection.
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1. Introduction
Aspirin, the brand name of acetylsalicylic acid (ASA), is the most commonly used nonsteroidal
anti-inflammatory drug in the world. It is administrated at low doses in the long-term prevention of
cardiovascular disease (CVD) [1], and its use in counteracting the long-term risk of death due to cancer
has been recently suggested [2,3]. The “canonical” effect of ASA is due to the irreversible acetylation of
the platelet cyclooxygenase (COX)-1 enzyme, and in turn to the long-term suppression of the synthesis
of thromboxane (TX) A2, a potent platelet agonist derived from the metabolism of arachidonic acid [4].
Non-COX-1 mediated effects of ASA that may contribute to explaining its antithrombotic
and anti-inflammatory action, as well as other anti-atherosclerotic properties, are increasingly
recognized [5,6]. In vitro cell models have shown that ASA and its metabolite salicylic acid induce
the expression of some mitochondrial respiratory genes, as well as of genes involved in cholesterol
homeostasis, showing new beneficial effects of ASA in atherosclerosis [6,7]. Modulation of the
adenosine monophosphate-activated protein kinase (AMPK) signaling pathway in cellular models has
also been shown [6,8].
In order to explore the non-canonical ASA effects, we took advantage of pharmaco-metabolomics,
an emerging area of research that helps to define the mechanism of action of drugs and individual
responses to drug treatment through the analysis of metabolites [9,10]. The study of low-molecular-weight
metabolite levels allows to investigate drug effects in biological fluids (e.g., urine or blood) as the
result of changes arising in response to treatment. This also lets us highlight the biochemical pathways
involved in drug effects, and in turn amplifies the spectrum of drug application [11,12].
In this pilot study, an untargeted metabolomic approach by liquid chromatography–quadrupole
time-of-flight mass spectrometry (LC-QTOF-MS) on urine of healthy participants, before and after
7 days of low-dose ASA ingestion, was applied to a broad-spectrum appraise the metabolic profiles
affected by ASA and potentially involved in cardiovascular and cancer prevention.
2. Materials and Methods
2.1. Chemicals and Reagents
The purity of solvents, reagents, and chemical standards is reported in Appendix A.
2.2. Study Design
Seven healthy participants (HPs; aged 29.9 ± 2.6 years; 42.8% men) were enrolled in the present
pilot study at the Centro Cardiologico Monzino, IRCCS (CCM). Participants ingested low-dose,
enteric-coated 100 mg ASA once-daily (od) for 7 consecutive days. A 24 h urine sample collection was
obtained before the first (T0) and after the last (T7) ASA intake. Serum samples were obtained at T0
and T7 after 2 h of incubation at 37 ◦C. All participants were instructed to avoid other drugs during the
study week.
The present study, approved by the CCM Institutional Ethics Committee (n◦ CCM 525), was carried
out according to the ethical guidelines of the 1975 Declaration of Helsinki. Written informed consent to
participate was obtained from all participants.
2.3. COX-mediated Effect of Acetylsalicylic Acid: TXA2 Metabolite Measurement
The COX-1 mediated effect of ASA was assessed through the measurement of serum levels of TXB2,
the stable metabolite of TXA2, by a previously developed and validated liquid chromatography–tandem
mass spectrometry (LC-MS/MS) method [13]. In addition, as an index of systemic TXA2 biosynthesis,
the urinary TXA2 catabolic metabolite 11-dehydro thromboxane B2 (11-dehydro TXB2), was also
measured [14].
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2.4. LC-QTOF-MS Metabolic Fingerprinting
2.4.1. Sample Preparation
Twenty-four hour urine samples were obtained from all study participants; during the 24 h
sample collection, urine was maintained at 4 ◦C. Once collection has been completed, urine was
aliquoted and stored at −80 ◦C until analysis. Frozen urine was thawed at room temperature and then
centrifuged at 1700× g for 10 min. The supernatant (100 µL) was diluted with a reference standard water
solution containing 11-dehydro-thromboxane B2-d4 (11-DH-TXB2-d4), 8-iso-prostaglandin F2α-d4
(8-iso-PGF2α-d4), 12-hydroxyeicosatetraenoic acid-d8 (12-HETE-d8), reserpine, 3-nitro-tyrosine-13C9
(3-nitro-tyr-13C9), 8-hydroxy-2-deoxyguanosine-15N5 (8-OHdG-15N5), and salicylic acid-d4 (SA-d4)
(100 µL, final concentration 1 ng/mL each). Samples were centrifuged at 12,000× g for 20 min and aliquoted
in two vials for the LC-QTOF-MS metabolic fingerprinting and the liquid chromatography–quadrupole
time-of-flight–tandem mass spectrometry (LC-QTOF-MS/MS) analysis.
2.4.2. Ultra-High-Performance LC-QTOF-MS Method Sample Analysis
LC-QTOF-MS analysis was performed by an ultra-high-performance liquid chromatography
system (1290 Infinity series, Agilent Technologies, Santa Clara, CA, USA), coupled to a quadrupole
time-of-flight mass spectrometry detector (Agilent 6550 iFunnel Q-TOF) outfitted with an electrospray
ionization (ESI) source. Samples were analyzed in duplicate, both in positive and in negative detection
mode. One µL was injected onto the Zorbax Eclipse Plus C18 reverse phase column (2.1 × 150 mm,
1.8 µm, Agilent Technologies), maintained at 40 ◦C. For the positive ion mode run, the used mobile
phases were: water + acetonitrile (95:5 v/v) with 0.1% formic acid (A) and acetonitrile with 0.1% formic
acid (B). The gradient was as follows: 2 min with 100% A, 2–12 min with 100–95% A, 12–18 min with
95–0% A, 18–22 min with 0% A, and 22–23 min with 0–100% A. For the negative ion mode run, mobile
phase A was ammonium acetate 10 mM, and mobile phase B was acetonitrile with ammonium acetate
10 mM. The gradient was as follows: 2 min with 99% A, 2–12 min with 99–95% A, 12–18 min with
95–0% A, 18–22 min with 0% A, and 22–23 min with 0–99% A. Both analyses were conducted at a
constant flow rate of 0.4 mL/min. The detector operated in full scan mode, acquiring mass spectra over
the m/z range of 40–1100 Da, with a scan rate of 2 scans per second. The source parameters for both ion
modes were drying gas temperature (280 ◦C), drying gas flow (13 l/min), nebulizer pressure (45 psig),
sheath gas temperature (300 ◦C), sheath gas flow (12 l/min), capillary voltage (3000 V), nozzle voltage
(500 V), and fragmentor (150 V). The reference masses were 121.0509 m/z and 922.0098 m/z (ESI+),
and 112.9856 m/z and 1033.9881 m/z (ESI-). These were continuously infused to correct instrument
variability. Data were acquired by Agilent’s MassHunter Workstation Data Acquisition software.
2.4.3. Performance Evaluation
Performance evaluation was assessed by analyzing reference standards spiked in urine and quality
control (QC) samples. QC samples were obtained by pooling together equal volumes of all urine
samples (T0 + T7) spiked with the reference standard solution. Subsequently, QCs were injected at the
beginning of the analytical sequence (n = 9), every six injections, and at the end of the analysis (n = 3).
2.4.4. Data Processing
Raw acquired data were analyzed by MassHunter Profinder software (Agilent Technologies)
using the “Batch Recursive Feature Extraction” algorithm that provides a list of features that represent
possible metabolites, combining different information from co-eluting ions, such as charge state,
isotopic distribution, presence of adducts, and dimers. The most relevant parameters selected for
feature extraction were 500 counts for peak filter (to clean background noise); charge state limited to 2;
allowed ion species: +H, +Na, and +K in positive ion mode, and −H, +Cl, and +CH3COO in negative
ion mode; and neutral loss of water for both ion modes. Through the same software was performed
the peak alignment, using a retention time (RT) window of 0% + 0.15 min and a mass window of
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15 ppm + 2 mDa. To improve data quality, a manual feature evaluation procedure was performed:
features present in the blank (water), with an RT lower than 0.7 min, or subjected to the carryover or
reference standard solution’s peaks were excluded. The abundance values of duplicates were averaged,
and missing values were manually assigned as half the lowest value detected in a single group if it
is random [15], or as zero if the feature was absent in the whole group (T0 or T7). Urine creatinine
normalization was also performed to control the variation in urine output. Furthermore, a filtering
quality assurance procedure was applied, in order to deem as reliable those features present in at
least 90% of the QCs with a coefficient of variation (CV) < 30% [16]. The robust lists finally obtained,
for positive and negative modes, were defined as compound lists.
2.4.5. Compound Identification
The metabolite identification was based on their measured accurate m/z values (10 ppm mass
error window) and on the comparison of their acquired LC-QTOF-MS/MS spectra with those available
on different databases, such as Metlin (http://metlin.scripps.edu), Kyoto Encyclopedia of Genes
and Genomes (http://www.kegg.jp/kegg), Human Metabolome Database (http://www.hmdb.ca),
and Personal Compound Database and Library (Agilent Technologies). The fragment elucidation,
performed by MassHunter Molecular Structure Correlator (Agilent Technologies), the agreement
between RT and compounds’ polarity, and the biological significance also contributed to define putative
matches. Annotation or identification was determined following official classification defined by the
Metabolomics Standard Initiative [17].
2.4.6. Ultra-High-Performance LC-QTOF-MS/MS Method Sample Analysis
The LC-QTOF-MS/MS experiments were performed only for nominally significant compounds
(T7 vs. T0), using the same chromatographic separation and ionization conditions previously described.
Compounds were targeted using their m/z value (isolation width 4 Da) and RT (∆RT 0.9 min), and data
were collected applying two fixed collision energies, 10 and 40 eV. Moreover, samples with the highest
intensity of each compound were analyzed to optimize the MS/MS spectra quality. Two µL of sample
were injected, and 32 runs (11 in positive ion mode and 21 in negative ion mode) were performed in
order to avoid fragmentation of significant compounds co-eluting in the same analysis. Subsequently,
spectra were processed through MassHunter Qualitative software (Agilent Technologies).
2.5. Statistics
The compound lists obtained from positive and negative modes were treated independently,
and values were log transformed before analysis. Using the lists obtained after the quality assurance
procedure (1048 in positive ion mode and 959 in negative ion mode), we performed unsupervised
principal component analysis (PCA) by Mass Profiler Professional software (Agilent Technologies),
and orthogonal, partial-least-squares discriminant analysis (OPLS-DA) by the SIMCA statistical
package. In OPLS-DA, in negative ionization mode we used one predictive and two orthogonal
components, and in positive ionization mode we used one predictive and three orthogonal components.
The criterion for inclusion of a new component in the model was based on the resultant increase in
overall R2X (explained variation parameter). For cross validation, the leave-one-out method was
employed. Metabolite values before and after treatment were compared by paired Student’s t-test.
Due to the nature of this study, a small-sample pilot investigation intended as a model for future
studies, a formal sample size calculation was not applied. Accordingly, feature selection has not
been based on stringent criteria (such as p-values corrected for multiple testing) as required in large
metabolomics studies. Instead, in order to highlight the best candidate metabolites, we adopted a
criterion based on a “variable importance in projection” (VIP) score above one, and on a “nominal”
p-value (i.e., the t-test p-value not corrected for multiple testing) below 0.05. Thus, the p-values referred
to in the present study should be interpreted as an illustration of a procedure for selecting metabolites
to be applied in future studies, and not as a criterion to evaluate the generalizability of our results.
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The heatmap and pathway analysis were performed using MetaboAnalyst, which is a web-based
tool for the visualization of metabonomics. Pathway analysis was tested by the Fishers’ exact test.
The identified metabolites were visualized through Cytoscape v3.7.1 [18], using the app Metscape
v3.1.3. In particular, MetScape was used to provide the bioinformatic framework for the visualization
and interpretation of our metabolomic data [19].
The compound lists obtained from positive and negative modes were treated independently for
statistical analysis. Compound levels at T0 and T7 were log-transformed before analysis and were
compared by paired Student’s t-test. Correlations between identified compounds were determined
using the Pearson test. All calculations were computed with the aid of the SAS software package
(Version 9.4 SAS Institute Inc., Cary, NC, USA).
3. Results
3.1. TXA2 Metabolite Measurement
At T7, serum TXB2 concentrations were lower (more than 98% decrease) than at T0 in each participant,
(T0: 205.69 ± 77.27 ng/mL; T7: 1.48 ± 0.41 ng/mL; p < 0.001). In agreement with this data, a significant
decrease in urinary 11-dehydro TXB2 levels was observed after ASA treatment (381.7 ± 131.4 and
95.5 ± 39.0 pg/mg creatinine, respectively; p = 0.002).
3.2. LC-QTOF-MS Metabolic Fingerprint
3.2.1. LC-QTOF-MS Sample Analysis
To evaluate the metabolic modifications induced by ASA, we developed a LC-QTOF-MS untargeted
method for urine sample analysis. Representative chromatograms, obtained in positive and negative
ionization modes, are shown in Figure 1.
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Figure 1. Representative chromatograms obtained from a urine sample: total ion chromatogram (TIC)
in positive (A1) and negative (B1) detection modes; extracted compound chromatogram (ECC) in
positive (A2) and negative (B2) detection modes.
3.2.2. Performance Evaluation
The reproducibility of sample preparation and analysis processes were valuated through two
different approaches, based on QC samples and reference standards solution [20,21]. The total ion
chromatogram (TIC) of QCs versus the order of injection showed good reproducibility in the whole
analytical run, both for positive and negative ionization modes (CV: 1.64% and 1.62%, respectively).
The TICs of sample replicates showed a very little intra-run variability (Figure S1, panels A1 and
A2). Furthermore, the reproducibility of QC samples was confirmed using PCA score plots in both
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ionization modes (Figure S1, panels B1 and B2). In addition, the intensity of each reference standard,
added to the sample before its preparation, was evaluated: CV values were lower than 10% for all the
added standards, except for reserpine (Figure S1C).
3.2.3. Data Processing
The workflow of data processing is depicted in Figure 2.
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After data acquisition, a total of 2599 features (1427 in positive and 1172 in negative ionization
modes) were extracted through the Batch Recursive Feature Extraction algorithm. After the visual
validation of peak morphology and integration of compounds, the data set was reduced to 2061
(1071 and 990, respectively). Applying the quality assurance procedure, 2007 features were considered to
be reliable compounds: 1048 for positive and 959 for negative modes. The compound lists (positive and
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negative) were used to build the multivariate models and to discriminate compounds potentially
modified by ASA treatment.
The OPLS-DA model was built by positive and negative lists subtracted from ASA-related
compounds and present only at T7. The plot of the first two OPLS-DA components, i.e., the two most
relevant indices summarizing the data, is represented in Figure S2.
3.3. Compound Identification
Metabolic Changes Induced by ASA
The flow chart of compound identification is shown in Figure 2. In Supplementary Table S1 are
reported all the metabolites that differ between T0 and T7 or those that are only present at T7 (n = 57).
Sixty compounds differed between T0 and T7, while 11 metabolites are only present at T7; among
them, we found ASA related metabolites, i.e., salicylic acid, 5-sulfosalicylic acid, and salicyluric acid.
Based on the comparison of the acquired LC-QTOF-MS/MS spectra with those available on different
databases, we identified 25 compounds. The identified metabolites with their relative fold change and
VIP score are reported in Table 1.
Table 1. List of compounds potentially modified by acetylsalicylic acid (ASA) treatment; fold changes
were calculated comparing the levels before (T0) to those after treatment (T7). Compounds were selected
according to the procedure described in the Statistical Methods section. VIP: variable importance
in projection.
Compound Fold Change (T0 vs. T7) VIP Score




2-methylhippuric acid −1.69 2.18














glycochenodeoxycholate 7-sulfate −1.41 1.39
L-glutamine −1.29 1.30




J. Clin. Med. 2020, 9, 51 8 of 16
3.4. Biological Interpretation
The identified metabolites were investigated, and the biochemical pathways in which they are
involved were determined (Figure 3).
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The levels of several acylcarnitines, reflecting the β-oxidation process, were putatively affected by
the low-dose ASA administration: in particular, the concentrations of butyryl-L-carnitine, tiglylcarnitine,
isovalerylcarnitine, and heptanoylcarnitine were decreased, while those of methylglutarylcarnitine
were increased.
The metabolites identified were analyzed using MetScape, in order to evaluate whether there is a
common pathway linking them to one another. As reported in Figure 5, glutamine exerts a pivotal role
not only in glutamate metabolism, but also in histidine and alanine metabolism. The green and orange
arrows shown in Figure 5 confirm this hypothesis, representing the linear Pearson correlation between
the identified metabolites (green: positive correlations; orange: negative correlations).
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4. Discussion
By using an untargeted metabolomic approach, the present pilot study conducted in healthy
participants shows, besides the canonical ASA effect, putative changes in the histidine; purine; and
alanine, aspartate, and glutamate metabolisms after drug treatment. The ASA inhibition of the COX
enzyme in healthy participants was assessed by the measurement of TXA2 metabolites. The levels of
serum TXB2 before and after ASA ingestion are comparable to those reported in the literature [22–25],
and moves in parallel with the reduction of urinary levels of 11-dehydro TXB2.
Alongside the well-known inhibition of TXA2 production, we demonstrated alterations in different
metabolic routes.
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In the samples collected after ASA treatment, the effect on the histidine pathway is documented
by the decrease of L-histidine and three major histidine catabolites: hydantoin-5-propionate,
4-imidazolone-5-propanoate, and N-formimino-L-glutamate (Figure 3). The involvement of the
purine pathway was also confirmed by xanthosine reduction (Figure 3). Finally, L-glutamine and
5-aminoimidazole-4-carboxamide-1-β-D-ribofuranoside (AICAr) reduction was found, with AICAr
being a link between the histidine and the purine metabolism.
Although a decrease in L-histidine and AICAr does not directly reflects changes in 5-phosphoribosyl-
1-pyrophosphate (PRPP), their reduction could be related to the ASA-mediated impairment of the PPP,
as ASA is known to inhibit the expression of glucose-6-phosphate dehydrogenase [26], the rate-limiting
enzyme in the production of PRPP (Figure 3). Our observation of reduced urinary histidine levels after
ASA treatment is in keeping with data obtained by Lewis [27] on healthy serum samples after 2 weeks
of ASA ingestion using gas chromatography–mass spectrometry analysis.
Histidine is the precursor of histamine, an inflammatory mediator and an intracellular messenger
involved in platelet aggregation [28]. A decrease in histamine biosynthesis after ASA treatment is thus
expected [28]. The impairment of this metabolism may well play a role both in the anti-inflammatory
and antiplatelet effects of ASA, reinforcing its efficacy in CVD prevention. Thus, whether the histidine
reduction is associated to the concomitant decrease in the levels of histamine is unknown so far,
and deserves to be elucidated in detail.
Histidine degradation leads to glutamine biosynthesis through the glutamate route. Glutamine
is a key factor for cell proliferation and tumor growth [29,30]. This amino acid is metabolized
within the mitochondrion through an enzymatic process termed glutaminolysis, whereby glutamine
is converted to α-ketoglutarate (αKG), an intermediate of the tricarboxylic acid (TCA) cycle [31].
In highly proliferating cells, citrate produced in the TCA cycle is redirected into the cytosol for the
production of NADPH and fatty acids. The production of αKG though glutaminolysis replenishes
the TCA cycle [32–34]. In keeping with older data in this area [27,35], we report that glutamine,
xantosine AICAr, 2-Oxoglutaramate, histidine, 4-imidazolone-5propanoate, N-formimino-L-glutamate,
and hidantoin-5-propionate are all reduced after 7 days of ASA ingestion. L-glutamine is the nitrogen
donor for the glutamine 5-phosphoribosyl-1-pyrophosphate amidotransferase, the rate-limiting enzyme
in de novo synthesis of purine nucleotides [36]. Decreased levels of glutamine in the samples obtained
after 7 days of ASA administration argue for an abnormal purine metabolism. Concomitant decreases
in both xanthosine and AICAr (Figure 3) strengthen this hypothesis, since AICAr, the extracellular form
of AICAR, is the phosphorylated precursor of purine. Cumulatively, all the changes in the metabolites
that we have found appear to be related to each other (Figure 4), providing a comprehensive frame from
the affected pathways and a direction to be pursued to understand chemioprotection by low-dose ASA.
Actually, in recent years, there has been increasing evidence for anticancer ASA activity. In eight
studies, it the ability of ASA to delay malignancy-associated death has been demonstrated [3].
The prolongation of the period before the onset of death related to malignancy was found to be
approximately five years for esophageal, pancreatic, brain, and lung cancers, and was even higher for
gastric, colon, and prostate cancers [2,37]. This effect of ASA is currently explained by its ability to acetylate
proteins other than COX-1 [38]. Recently, it has been demonstrated that ASA also decreases the expression
of the hypoxia-inducible factor 1alpha (HIF1α), a key regulator of genes that are involved in metabolism
under hypoxic conditions and a major determinant of tumor cell stabilization [39,40]. In a recent
report [41], it has been shown that under normoxic conditions, HIF1α activity is significantly increased
by glutamine metabolism, and is decreased by (a) acetylation via acetyl CoA synthetase or ATP citrate
lyase, and (b) the presence of L-ascorbic acid, citrate, or acetyl-CoA. Interestingly, ASA significantly
reduced the effect of glutamine on HIF1α [41]. The high proliferation exhibited by cancer cells requires
a constant supply of nutrients [42]. To satisfy their high demand for nutrients, cancer cells undergo a
metabolic reprogramming that stimulates anabolism through numerous metabolic pathways. Those
pathways ultimately lead cancer cells to highly depend on specific nutrients [43].
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The ability of ASA to decrease glutamine levels is of crucial importance to define the role of this
drug in chemoprotection, and could pave the way to new ASA application fields.
In our untargeted LC-QTOF-MS approach, we have also detected and putatively identified
several short/medium-chain acylcarnitines: butyryl-L-carnitine, tiglylcarnitine, isovalerylcarnitine,
heptanoylcarnitine, and methylglutarylcarnitine. Acylcarnitines are formed in the fatty acid (FA)
metabolism to carry long-chain acyl groups of FAs into the mitochondria, where they are broken down
through the β-oxidation pathway. In addition to inducing cancer cell death in glutamine-dependent
tumors, suppression of glutaminolysis may switch cells to alternative compensatory energy sources.
In an experimental model of glutamine-addicted cancers, glutaminolysis inhibition did not induce cancer
cell death, and β-oxidation was enhanced. Accelerated lipid catabolism, together with glutaminolysis
inhibition, were needed to trigger autophagy and cancer cell death [44]. As already described, ASA
promotes the phosphorylation of AMP-activated protein kinase (AMPK) [6,45,46], thus leading to
the reduction of malonyl–CoA, an inhibitor of the carnitine palmitoyl-transferase 1 (CPT1), with a
consequent increase in FA transport (Figure 6). Thus, ASA increases the β-oxidation of fatty acids,
as reflected by the reduced urinary excretion of the short-chain acylcarnitines in the present setting.
With few exceptions [47,48], the effect of ASA on the increase of mitochondrial fatty acid oxidation has
been documented in different cell lines, and interpreted as a compensatory shift from carbohydrate
metabolism to FA oxidation [46]. Involvement of the β-oxidation pathway in the effect of a pro-drug
formulation of ASA has also been reported in an animal model of hyperlipidemia [49].
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We assume that an increase of methylglutarylcarnitine reflects increased peroxisomal oxidation,
such a metabolite having been suggested as a marker of this process [50]. ASA is known to induce
peroxisome proliferator-activated receptor alpha expression and activity [51], thus boosting β-oxidation.
Moreover, ASA-AMPK activation switches off ATP-consuming processes, while switching on catabolic
pathways that generate ATP, a major event in the fatty acid oxidation process [52].
Several studies have attempted to highlight ASA mechanisms beyond COX-1 inhibition by
hypothesis-driven methods [27,35]. The broad spectrum of biochemical effects induced by a short-term
ASA treatment is highlighted in the present pilot study on urine samples. This biological matrix
is not affected by homeostatic regulation; it reflects physiological changes in response to metabolic
dysregulation [53] and gives a time-averaged pattern, representing an attractive compartment for
metabolomic studies [54]. Compared to other biological fluids, the metabolomic profile of urine—the
strategy that we have chosen—provides several advantages. Urine can be noninvasively and repeatedly
collected in large volumes, the protein content is absent or relatively low, and urine metabolites are
thermodynamically stable [55]. On the other hand, the metabolic signature obtained through the
analysis of plasma or serum represents an instantaneous readout strictly connected to the time between
blood collection and ASA assumption, as a result of absorption or enzymatic inter-individual variability.
The untargeted metabolomic approach, which simultaneously measures representative metabolites
derived from several pathways, may reveal unknown pathways and their potential interactions, thus
avoiding the disadvantage of hypothesis-driven methods that let investigators lose the overall impact
of therapy on the whole metabolism.
Our method was set up to provide an excellent range of hydrophobic separation power, and the
reliability of LC-QTOF-MS analysis was ensured by the reproducibility of QC and of reference standard
solution CV values. Likewise, the biological reliability of the method is documented by the occurrence
of the expected ASA metabolites—i.e., salicylic acid, salicyluric acid, and 5-sulfosalicylic acid—in
the samples collected after treatment. Obviously, it is important to keep in mind that this analytical
approach is not exhaustive, nor does it allow the evaluation of neutral molecules or compounds that
are below the limit of detection.
5. Conclusions
Through an untargeted metabolomics approach, we have collected data suggesting that different
pathways may be affected by a short-term, low-dose ASA treatment commonly employed in clinical
settings to prevent cardiovascular events. Decreased levels of urinary acylcarnitines argue for increased
FA β-oxidation, and in turn decreased glutamine, indicating that prolonged administration of low-dose
ASA may potentially exert beneficial effects beyond canonical cardiovascular protection. The data
here reported also support the concept of untargeted metabolomics analysis as a major direction to be
pursued in order to widely investigate treatment effects and explore new clinical applications of such a
drug. Obviously, all biochemical and biological conclusions based on a pilot study with a small sample
size need to be confirmed in a larger number of participants with targeted analysis. The present data
provide the rationale for such studies.
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Appendix A
Reagents, Reference Materials, and Apparatus
Water, acetonitrile, formic acid, and ammonium acetate were purchased from Sigma-Aldrich
(St. Louis, MO, USA), and were liquid chromatography–mass spectrometry (LC-MS) grade, as noted.
Deuterated 11-dehydro-thromboxane B2 (11-DH-TXB2-d4), deuterated 8-iso- prostaglandin F2α
(8-iso-PGF2α-d4), deuterated 12-hydroxyeicosatetraenoic acid (12-HETE-d8), thromboxane B2 (TXB2),
and deuterated TXB2 (TXB2-d4) were purchased from Cayman Chemicals Co. (Ann Arbor, MI, USA).
Reserpine and 3-nitro-tyrosine-13C9 (3-nitro-tyr-13C9) were purchased from Sigma-Aldrich; 8-hydroxy-
2-deoxyguanosine-15N5 (8-OHdG-15N5) from Cambridge Isotope Laboratories, Inc. (Andover, MA,
USA); and salicylic acid-d4 (SA-d4) from Santa Cruz Biotechnology (Dallas, TX, USA).
The metabolic fingerprinting, LC-MS analysis, and tandem liquid chromatography–mass
spectrometry (LC-MS/MS) analysis have been performed by an ultra-high-performance liquid
chromatography system (1290 Infinity series, Agilent Technologies, Santa Clara, CA, United States),
coupled to a quadrupole time-of-flight (Q-TOF) mass spectrometry detector (Agilent 6550 iFunnel
Q-TOF) outfitted with an electrospray ionization (ESI) source. A Zorbax Eclipse Plus C18 reverse phase
column (2.1 × 150 mm, 1.8 µm, Agilent Technologies) was used.
An Accela high performance liquid chromatography System (Thermo Fisher Scientific, San Jose, CA,
United States) coupled to a triple quadrupole mass spectrometer TSQ Quantum Access (Thermo Fisher
Scientific), outfitted with an ESI source operating in negative mode, was used to measure TXB2 and
11-DH TXB2. For chromatographic separation, an XBridge C18 column (2.1 × 30 mm, 2.5 µm, Waters)
was adopted.
References
1. Patrono, C.; Morais, J.; Baigent, C.; Collet, J.P.; Fitzgerald, D.; Halvorsen, S.; Rocca, B.; Siegbahn, A.; Storey, R.F.;
Vilahur, G. Antiplatelet Agents for the Treatment and Prevention of Coronary Atherothrombosis. J. Am. Coll. Cardiol.
2017, 70, 1760–1776. [CrossRef]
2. Rothwell, P.M.; Price, J.F.; Fowkes, F.G.; Zanchetti, A.; Roncaglioni, M.C.; Tognoni, G.; Lee, R.; Belch, J.F.;
Wilson, M.; Mehta, Z.; et al. Short-term effects of daily aspirin on cancer incidence, mortality, and non-vascular
death: Analysis of the time course of risks and benefits in 51 randomised controlled trials. Lancet 2012, 379,
1602–1612. [CrossRef]
3. Rothwell, P.M.; Fowkes, F.G.; Belch, J.F.; Ogawa, H.; Warlow, C.P.; Meade, T.W. Effect of daily aspirin on
long-term risk of death due to cancer: Analysis of individual patient data from randomised trials. Lancet 2011,
377, 31–41. [CrossRef]
4. Vane, J.R. Inhibition of prostaglandin synthesis as a mechanism of action for aspirin-like drugs. Nat. New Biol.
1971, 231, 232–235. [CrossRef]
5. Ornelas, A.; Zacharias-Millward, N.; Menter, D.G.; Davis, J.S.; Lichtenberger, L.; Hawke, D.; Hawk, E.;
Vilar, E.; Bhattacharya, P.; Millward, S. Beyond COX-1: The effects of aspirin on platelet biology and potential
mechanisms of chemoprevention. Cancer Metastasis Rev. 2017. [CrossRef]
6. He, Z.; Peng, Y.; Duan, W.; Tian, Y.; Zhang, J.; Hu, T.; Cai, Y.; Feng, Y.; Li, G. Aspirin regulates hepatocellular
lipid metabolism by activating AMPK signaling pathway. J. Toxicol. Sci. 2015, 40, 127–136. [CrossRef]
7. Kamble, P.; Litvinov, D.; Aluganti Narasimhulu, C.; Jiang, X.; Parthasarathy, S. Aspirin may influence cellular
energy status. Eur. J. Pharmacol. 2015, 749, 12–19. [CrossRef]
8. Tsai, K.L.; Huang, P.H.; Kao, C.L.; Leu, H.B.; Cheng, Y.H.; Liao, Y.W.; Yang, Y.P.; Chien, Y.; Wang, C.Y.;
Hsiao, C.Y.; et al. Aspirin attenuates vinorelbine-induced endothelial inflammation via modulating
SIRT1/AMPK axis. Biochem. Pharmacol. 2014, 88, 189–200. [CrossRef]
J. Clin. Med. 2020, 9, 51 14 of 16
9. Everett, J.R. Pharmacometabonomics in humans: A new tool for personalized medicine. Pharmacogenomics
2015, 16, 737–754. [CrossRef]
10. Nicholson, J.K.; Wilson, I.D.; Lindon, J.C. Pharmacometabonomics as an effector for personalized medicine.
Pharmacogenomics 2011, 12, 103–111. [CrossRef]
11. Kaddurah-Daouk, R.; Weinshilboum, R.M. Pharmacometabolomics: Implications for clinical pharmacology
and systems pharmacology. Clin. Pharmacol. Ther. 2014, 95, 154–167. [CrossRef]
12. Clayton, T.A.; Baker, D.; Lindon, J.C.; Everett, J.R.; Nicholson, J.K. Pharmacometabonomic identification of a
significant host-microbiome metabolic interaction affecting human drug metabolism. Proc. Natl. Acad. Sci. USA
2009, 106, 14728–14733. [CrossRef]
13. Squellerio, I.; Porro, B.; Songia, P.; Veglia, F.; Caruso, D.; Tremoli, E.; Cavalca, V. Liquid chromatography- tandem
mass spectrometry for simultaneous measurement of thromboxane B2 and 12(S)-hydroxyeicosatetraenoic acid
in serum. J. Pharm. Biomed. Anal. 2014, 96, 256–262. [CrossRef]
14. Cavalca, V.; Minardi, F.; Scurati, S.; Guidugli, F.; Squellerio, I.; Veglia, F.; Dainese, L.; Guarino, A.; Tremoli, E.;
Caruso, D. Simultaneous quantification of 8-iso-prostaglandin-F(2alpha) and 11-dehydro thromboxane B(2)
in human urine by liquid chromatography-tandem mass spectrometry. Anal. Biochem. 2010, 397, 168–174.
[CrossRef]
15. Xia, J.; Psychogios, N.; Young, N.; Wishart, D.S. MetaboAnalyst: A web server for metabolomic data analysis
and interpretation. Nucleic Acids Res. 2009, 37, W652–W660. [CrossRef]
16. Godzien, J.; Alonso-Herranz, V.; Barbas, C.; Armitage, E.G. Controlling the quality of metabolomics data:
New strategies to get the best out of the QC sample. Metabolomics 2015, 11, 518–528. [CrossRef]
17. Sumner, L.W.; Amberg, A.; Barrett, D.; Beale, M.H.; Beger, R.; Daykin, C.A.; Fan, T.W.; Fiehn, O.; Goodacre, R.;
Griffin, J.L.; et al. Proposed minimum reporting standards for chemical analysis Chemical Analysis Working
Group (CAWG) Metabolomics Standards Initiative (MSI). Metabolomics 2007, 3, 211–221. [CrossRef]
18. Shannon, P.; Markiel, A.; Ozier, O.; Baliga, N.S.; Wang, J.T.; Ramage, D.; Amin, N.; Schwikowski, B.; Ideker, T.
Cytoscape: A software environment for integrated models of biomolecular interaction networks. Genome Res.
2003, 13, 2498–2504. [CrossRef]
19. Karnovsky, A.; Weymouth, T.; Hull, T.; Tarcea, V.G.; Scardoni, G.; Laudanna, C.; Sartor, M.A.; Stringer, K.A.;
Jagadish, H.V.; Burant, C.; et al. Metscape 2 bioinformatics tool for the analysis and visualization of
metabolomics and gene expression data. Bioinformatics 2012, 28, 373–380. [CrossRef]
20. Gika, H.G.; Theodoridis, G.A.; Wingate, J.E.; Wilson, I.D. Within-day reproducibility of an HPLC-MS-based
method for metabonomic analysis: Application to human urine. J. Proteome Res. 2007, 6, 3291–3303. [CrossRef]
21. Naz, S.; Vallejo, M.; Garcia, A.; Barbas, C. Method validation strategies involved in non-targeted metabolomics.
J. Chromatogr. A 2014, 1353, 99–105. [CrossRef]
22. Patrignani, P.; Filabozzi, P.; Patrono, C. Selective cumulative inhibition of platelet thromboxane production
by low-dose aspirin in healthy subjects. J. Clin. Investig. 1982, 69, 1366–1372. [CrossRef]
23. Van Ryn, J.; Kink-Eiband, M.; Kuritsch, I.; Feifel, U.; Hanft, G.; Wallenstein, G.; Trummlitz, G.; Pairet, M.
Meloxicam does not affect the antiplatelet effect of aspirin in healthy male and female volunteers. J. Clin.
Pharmacol. 2004, 44, 777–784. [CrossRef]
24. Frelinger, A.L., 3rd; Furman, M.I.; Linden, M.D.; Li, Y.; Fox, M.L.; Barnard, M.R.; Michelson, A.D. Residual
arachidonic acid-induced platelet activation via an adenosine diphosphate-dependent but cyclooxygenase-1-
and cyclooxygenase-2-independent pathway: A 700-patient study of aspirin resistance. Circulation 2006, 113,
2888–2896. [CrossRef]
25. Santilli, F.; Rocca, B.; De Cristofaro, R.; Lattanzio, S.; Pietrangelo, L.; Habib, A.; Pettinella, C.; Recchiuti, A.;
Ferrante, E.; Ciabattoni, G.; et al. Platelet cyclooxygenase inhibition by low-dose aspirin is not reflected
consistently by platelet function assays: Implications for aspirin “resistance”. J. Am. Coll. Cardiol. 2009, 53,
667–677. [CrossRef]
26. Su, Y.F.; Yang, S.H.; Lee, Y.H.; Wu, B.C.; Huang, S.C.; Liu, C.M.; Chen, S.L.; Pan, Y.F.; Chou, S.S.; Chou, M.Y.;
et al. Aspirin-induced inhibition of adipogenesis was p53-dependent and associated with inactivation of
pentose phosphate pathway. Eur. J. Pharmacol. 2014, 738, 101–110. [CrossRef]
27. Lewis, J.P.; Yerges-Armstrong, L.M.; Ellero-Simatos, S.; Georgiades, A.; Kaddurah-Daouk, R.; Hankemeier, T.
Integration of pharmacometabolomic and pharmacogenomic approaches reveals novel insights into
antiplatelet therapy. Clin. Pharmacol. Ther. 2013, 94, 570–573. [CrossRef]
J. Clin. Med. 2020, 9, 51 15 of 16
28. Saxena, S.P.; McNicol, A.; Brandes, L.J.; Becker, A.B.; Gerrard, J.M. A role for intracellular histamine in
collagen-induced platelet aggregation. Blood 1990, 75, 407–414. [CrossRef]
29. Mates, J.M.; Segura, J.A.; Campos-Sandoval, J.A.; Lobo, C.; Alonso, L.; Alonso, F.J.; Marquez, J. Glutamine
homeostasis and mitochondrial dynamics. Int. J. Biochem. Cell Biol. 2009, 41, 2051–2061. [CrossRef]
30. Wise, D.R.; Thompson, C.B. Glutamine addiction: A new therapeutic target in cancer. Trends Biochem. Sci.
2010, 35, 427–433. [CrossRef]
31. Zhao, Y.; Butler, E.B.; Tan, M. Targeting cellular metabolism to improve cancer therapeutics. Cell Death Dis.
2013, 4, e532. [CrossRef] [PubMed]
32. DeBerardinis, R.J.; Cheng, T. Q’s next: The diverse functions of glutamine in metabolism, cell biology and
cancer. Oncogene 2010, 29, 313–324. [CrossRef] [PubMed]
33. Vander Heiden, M.G.; Cantley, L.C.; Thompson, C.B. Understanding the Warburg effect: The metabolic
requirements of cell proliferation. Science 2009, 324, 1029–1033. [CrossRef] [PubMed]
34. Villar, V.H.; Merhi, F.; Djavaheri-Mergny, M.; Duran, R.V. Glutaminolysis and autophagy in cancer. Autophagy 2015,
11, 1198–1208. [CrossRef]
35. Ellero-Simatos, S.; Beitelshees, A.L.; Lewis, J.P.; Yerges-Armstrong, L.M.; Georgiades, A.; Dane, A.;
Harms, A.C.; Strassburg, K.; Guled, F.; Hendriks, M.M.; et al. Oxylipid Profile of Low-Dose Aspirin
Exposure: A Pharmacometabolomics Study. J. Am. Heart Assoc. 2015, 4, e002203. [CrossRef]
36. Cory, J.G.; Cory, A.H. Critical roles of glutamine as nitrogen donors in purine and pyrimidine nucleotide
synthesis: Asparaginase treatment in childhood acute lymphoblastic leukemia. In Vivo 2006, 20, 587–589.
37. Rothwell, P.M.; Algra, A.; Chen, Z.; Diener, H.C.; Norrving, B.; Mehta, Z. Effects of aspirin on risk and
severity of early recurrent stroke after transient ischaemic attack and ischaemic stroke: Time-course analysis
of randomised trials. Lancet 2016, 388, 365–375. [CrossRef]
38. Tatham, M.H.; Cole, C.; Scullion, P.; Wilkie, R.; Westwood, N.J.; Stark, L.A.; Hay, R.T. A Proteomic Approach
to Analyze the Aspirin-mediated Lysine Acetylome. Mol. Cell. Proteom. MCP 2017, 16, 310–326. [CrossRef]
39. Kappler, M.; Pabst, U.; Rot, S.; Taubert, H.; Wichmann, H.; Schubert, J.; Bache, M.; Weinholdt, C.; Immel, U.D.;
Grosse, I.; et al. Normoxic accumulation of HIF1alpha is associated with glutaminolysis. Clin. Oral Investig.
2017, 21, 211–224. [CrossRef]
40. Liu, Y.X.; Feng, J.Y.; Sun, M.M.; Liu, B.W.; Yang, G.; Bu, Y.N.; Zhao, M.; Wang, T.J.; Zhang, W.Y.; Yuan, H.F.;
et al. Aspirin inhibits the proliferation of hepatoma cells through controlling GLUT1-mediated glucose
metabolism. Acta Pharmacol. Sin. 2019, 40, 122–132. [CrossRef]
41. Kappler, M.; Pabst, U.; Weinholdt, C.; Taubert, H.; Rot, S.; Kaune, T.; Kotrba, J.; Porsch, M.; Guttler, A.;
Bache, M.; et al. Causes and Consequences of a Glutamine Induced Normoxic HIF1 Activity for the Tumor
Metabolism. Int. J. Mol. Sci. 2019, 20, 4742. [CrossRef] [PubMed]
42. Menon, S.; Manning, B.D. Common corruption of the mTOR signaling network in human tumors. Oncogene 2008,
27 (Suppl. 2), S43–S51. [CrossRef] [PubMed]
43. Cheong, H.; Lu, C.; Lindsten, T.; Thompson, C.B. Therapeutic targets in cancer cell metabolism and autophagy.
Nat. Biotechnol. 2012, 30, 671–678. [CrossRef] [PubMed]
44. Halama, A.; Kulinski, M.; Dib, S.S.; Zaghlool, S.B.; Siveen, K.S.; Iskandarani, A.; Zierer, J.; Prabhu, K.S.;
Satheesh, N.J.; Bhagwat, A.M.; et al. Accelerated lipid catabolism and autophagy are cancer survival
mechanisms under inhibited glutaminolysis. Cancer Lett. 2018, 430, 133–147. [CrossRef]
45. Hawley, S.A.; Fullerton, M.D.; Ross, F.A.; Schertzer, J.D.; Chevtzoff, C.; Walker, K.J.; Peggie, M.W.; Zibrova, D.;
Green, K.A.; Mustard, K.J.; et al. The ancient drug salicylate directly activates AMP-activated protein kinase.
Science 2012, 336, 918–922. [CrossRef]
46. Uppala, R.; Dudiak, B.; Beck, M.E.; Bharathi, S.S.; Zhang, Y.; Stolz, D.B.; Goetzman, E.S. Aspirin increases
mitochondrial fatty acid oxidation. Biochem. Biophys. Res. Commun. 2017, 482, 346–351. [CrossRef]
47. Glasgow, J.F.; Middleton, B.; Moore, R.; Gray, A.; Hill, J. The mechanism of inhibition of beta-oxidation by
aspirin metabolites in skin fibroblasts from Reye’s syndrome patients and controls. Biochim. Biophys. Acta
1999, 1454, 115–125. [CrossRef]
48. Yoshida, Y.; Wang, S.; Osame, M. Aspirin induces short-chain free fatty acid accumulation in rats. Eur. J.
Pharmacol. 1998, 349, 49–52. [CrossRef]
49. Ma, N.; Karam, I.; Liu, X.W.; Kong, X.J.; Qin, Z.; Li, S.H.; Jiao, Z.H.; Dong, P.C.; Yang, Y.J.; Li, J.Y.
UPLC-Q-TOF/MS-based urine and plasma metabonomics study on the ameliorative effects of aspirin eugenol
ester in hyperlipidemia rats. Toxicol. Appl. Pharmacol. 2017, 332, 40–51. [CrossRef]
J. Clin. Med. 2020, 9, 51 16 of 16
50. Fiamoncini, J.; Lima, T.M.; Hirabara, S.M.; Ecker, J.; Gorjao, R.; Romanatto, T.; ELolimy, A.; Worsch, S.;
Laumen, H.; Bader, B.; et al. Medium-chain dicarboxylic acylcarnitines as markers of n-3 PUFA-induced
peroxisomal oxidation of fatty acids. Mol. Nutr. Food Res. 2015, 59, 1573–1583. [CrossRef]
51. Fu, Y.; Zhen, J.; Lu, Z. Synergetic Neuroprotective Effect of Docosahexaenoic Acid and Aspirin in SH-Y5Y by
Inhibiting miR-21 and Activating RXRalpha and PPARalpha. DNA Cell Biol. 2017, 36, 482–489. [CrossRef]
[PubMed]
52. Hardie, D.G.; Pan, D.A. Regulation of fatty acid synthesis and oxidation by the AMP-activated protein kinase.
Biochem. Soc. Trans. 2002, 30, 1064–1070. [CrossRef] [PubMed]
53. Want, E.J.; Wilson, I.D.; Gika, H.; Theodoridis, G.; Plumb, R.S.; Shockcor, J.; Holmes, E.; Nicholson, J.K.
Global metabolic profiling procedures for urine using UPLC-MS. Nat. Protoc. 2010, 5, 1005–1018. [CrossRef]
[PubMed]
54. Khamis, M.M.; Adamko, D.J.; El-Aneed, A. Mass spectrometric based approaches in urine metabolomics and
biomarker discovery. Mass Spectrom. Rev. 2017, 36, 115–134. [CrossRef]
55. Tsiropoulou, S.; McBride, M.; Padmanabhan, S. Urine Metabolomics in Hypertension Research. Methods Mol. Biol.
2017, 1527, 61–68. [CrossRef]
© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).
